Abstract-Although numerous methods to segment brain MRI for extraction of white matter, gray matter and cerebrospinal fluid (CSF) have been proposed for the past two decades, little work has been done to evaluate and compare the performance of different segmentation methods on real clinical data sets, especially for CSF. This study focuses on the comparison of the four following methods for segmentation of cerebral brain MRI: gray levels thresholding, threedimensional level set, fuzzy connectedness and FSL. Quantitative evaluation of segmentation accuracy was performed with comparison to manual segmentation on a database of 10 adult subjects.
I. INTRODUCTION
Segmentation of clinical brain MRI data is an essential objective in medicine. In the context of neuro-imaging, 3D segmentation of white mater (WM), gray matter (GM), and cerebro-spinal fluid (CSF) is critical for quantitative analysis such as volume measurements, shape characterization and functional brain mapping.
An tremendous number of authors have studied this segmentation problem deriving methods that can be divided into four groups: simple thresholding methods, deformable models [1] , [2] , fuzzy connectedness [3] , and statistical method [4] , [5] .
The main difficulty of automatic segmentation of clinical MRI brain images is that voxel intensities are not necessarily constant for each tissue class and the histograms of each tissue show great overlaps. Furthermore, noise artifacts in clinical data generate a fragmented segmented structure, which is not observed in simulated MRI data. Inter-subjects problem exists in clinical cases, but not in simulated data. Finally, CSF segmentation results are rarely compared with previous works.
In the context of this paper, we evaluated four segmentation frameworks for the extraction of the three cerebral brain tissues: WM, GM and CSF.
II. METHODOLOGY
Four methods have been evaluated in this study. These methods are not detailed in this paper and we refer readers to appropriate references.
1) Simple threshold (Method A):
This is the easiest and fastest segmentation method, which is often adopted in preprocessing of medical images and pre-registration problems [6] . In order to optimize the performance of this method, we used manually labeled data to mask the MRI data, compute the histogram of the three tissues and derive the initial two threshold values that separate the tissues gray levels bins. We then used the Simplex method [7] to minimize the segmentation error. The criterion of the stability measurement maximized the Tanimoto Index [8] . 2) Three-dimensional Level Set(Method B): A homo geneity-based 3D deformable model derived from the Mu mford-Shah functional was proposed by Chan and Vese [9] ,. In this framework the image is assumed to be formed by t wo regions of approximate piecewise constant intensities, o f distinct values. Given an initial curve inside the image, th e contour is deformed to minimize an energy functional tha t corresponds to the optimal portioning of the image into h omogeneous regions. Minimization of the energy functiona l is efficiently implemented with the level set method. In th is work we have implemented this method in 3D and exten ded the initial framework to four homogeneous objects, usi ng simultaneously two level set functions as described in [2 ] .
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3) Fuzzy Connectedness (Method C): A fuzzy object classification for a three-dimensional digital space based on fuzzy connectedness was implemented as method C [3] . This method can be used to extract fuzzy objects in the image given an initial set of seed points and prior statistics. The source code can be obtained from National Library of Medicine Insight Segmentation and Registration Toolkit (ITK) [10] . In order to optimize the threshold values which required for the construction of fuzzy maps, we also use the Simplex scheme as discussed in method A.
4) Hidden Markov Random Field Model and Expectation-Maximization (HMRF-EM) (Method D):
This segmentation method is based on statistical classification of the image into different gray level classes. This algorithm starts with an initial estimation of the tissue class parameters and repartition in the image.
The initial segmentation is followed by a three-step expectation-maximization (EM) process which updates the class labels, tissue parameters and bias field iteratively. During the iterations, a Markov random field (MRF) maximum a posteriori (MAP) approach is used to estimate class labels. The bias filed is estimated by MAP approximation and the tissue parameters are estimated by maximum likelihood (ML) [4] . This segmentation method was used using the FMRIB Software Library (FSL) [11] . 
III. RESULTS

A. Data and Evaluation Protocol
We applied our segmentation to ten T1-weighted MRI data sets acquired on healthy young volunteers. The MRI data sets were of size (256×256×73) with a 3mm slice thickness and 0.86mm in-plane resolution. These data sets have been previously labeled via a labor-intensive (40 hours per brain) manual protocol. This labeled data was used as a ground truth for evaluation of the segmentation accuracy. MRI data was pre-processed to remove all nonbrain tissue, using the manually labeled data sets as binary masks. Since subcortical structure can affect the overall evaluation of the segmentation accuracy of cortical structures, we also excluded them after the segmentation process.
To be fair and objective, the evaluation protocol was designed to be independent of the segmentation algorithms. Measurements of volume, true positive and false positive voxel fractions and the Tanimoto Index (TI) [8] were calculated for gray matter, white matter and CSF for each method. Analysis of variance (ANOVA) was performed to evaluate the difference between the different methods. For each method, a three-dimensional visualization, in coronal views, of the lateral ventricles filled with CSF are shown in Figure 1 .
B. Volume Evaluation
Visualization of the results showed significant differences between Method D (HMRF from FSL) and the other methods, classifying the outer border voxels as belonging to sulcal CSF versus gray matter. This classification difference can be explained by the important partial volume effect at the interface between the two tissues. A priori information and arbitrary decision rules can lead the segmentation algorithm to assign these interface voxels to a tissue type or another.
Correlation of volume measurements between the manually labeled data and the four segmentation methods was performed for each tissue type as illustrated in Figure 2 . We observed in these plots that GM was over segmented in several cases by method C. In general, method A and method B displayed high correlation with the manually labeled data. 
C. Accuracy Evaluation
Segmentation errors were measured using the recent methodology proposed by Udupa in [12] for comparison of segmentation methods. Accuracy of the object contours obtained with the proposed level set segmentation method was evaluated by comparing segmentation results to the manual ground truth. Overlap and difference between two contours were measured by counting true positive (TP) and false positive (FP) voxels. These quantities are reported as volume fractions (VF) of the ground truth delineated object volume. Error measurements for the segmentation of the three clinical cases are reported in Table I, Table II, Table III and Table IV. In Table I , percentage measurements show excellent performance of the optimized threshold method for the GM and WM. The FN percentage for the CSF is much higher, reflecting and under segmentation of this structure, based on a wider gray scale histogram. The level set method, in Table II reports better results for the CSF segmentation, with remaining under segmentation issues. Fuzzy connectedness method results, reported in Table III , show under segmentation issues for the CSF as well as over segmentation of the WM with a high FP percentage. Finally, results for the HMRF-EM segmentation method are reported in Table IV . High FP percentage values for the CSF, correspond to an over segmentation of the sulcal CSF due to the misclassification of CSF/GM interface voxels associated to the GM by the other segmentation methods. On the other hand, the TP percentage of the CSF is higher with this method than with any other one, which illustrates the fact that the ventricles are properly segmented. To compare directly the segmentation methods, we performed an analysis of variance (ANOVA) on a characteristic index of their performance. The Tanimoto index (TI) [8] , was selected for this study. This index is a quantitative parameter used to evaluate the segmentation results and is defined as:
The analysis of variance was performed for the four methods and over the 10 segmented cases, measuring the inter-method variance divided by the intra-method variance of the TI indexes. Small p values (below 0.005) indicate a significant statistical difference between the methods [13] . Distributions of the TI index over the 10 cases for each method are plotted in Figure 3 .
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IV. DISCUSSION
Significantly higher FNVF errors were observed for the CSF, corresponding to under segmentation of the ventricles, whose pixels were assigned to white matter. Very low resolution at the ventricle borders can explain in part this result. Sulcal CSF introduce high FPVF to CSF, corresponding to the over segmentation of CSF, whose pixels belong to gray matter.
On the other hand, labeling of the MRI data for the ventricle and sulcal CSF can also bear some error as localizations of its borders is difficult even for an expert performing manual tracing. In that context, Kikinis et al. [14] reported a variation in volumetric measurements of manual observers in the order of 15% for WM, GM and CSF.
V. CONCLUSION
This study focused on the comparison of different segmentation methods for clinical brain T1-weighted MRI. Three of the selected methods are commonly used in clinical studies, especially for evaluation of the CSF structures. The second method, based on a multi-phase three-dimensional level set deformable model, was first described for this application by our group in [2] . We compared the segmentation methods through evaluation of the accuracy the segmented volumes for WM, GM and CSF on 10 clinical cases, comparing to manual tracing. From volume visualization and evaluation, methods A and method B showed small errors and strong correlation with manual tracing. Percentage of misclassifications showed that Method C tends to over segment the GM structure in several cases while Method D tends to over segment the sulcal CSF tissue. Combining all the results, we conclude that the level set three-dimensional deformable model provides the best compromise among the four tested segmentation methods between high segmentation accuracy and low variance of performance, when compared to manual tracing. Part of our future work will focus on the elimination of the sulcal CSF which should reduce important misclassification errors for the CSF.
